Sect. S1. Principal Component Analysis
Multi-spectral remote sensing data consists of high inter-band correlation and therefore bands within a dataset carry redundant information (Rocchini et al., 2007) . Principal Component Analysis (PCA) transforms a set of correlated variables in original image bands into a set of linearly uncorrelated orthogonal components (principal components) (Schowengerdt, 2007; Estronell et al., 2013) . It reduces the dimensionality of the data and outputs the maximum amount of information with a physical meaning from the original bands into the least number of principal components (Estronell et al., 2013) . After transformation, the first principal component has the variables that account for the most variance in the dataset and each succeeding independent component in turn carries less and less of the original data variance.
Sect. S2. Image segmentation and classification to map bubble patches on lake ice image
Based on empirical performance tests, we used the first two PCA components (PC 1 and PC 2) to perform multi-resolution segmentation embedded in eCognition Developer™ software to create image objects (eCognition Developer 7 Reference, 2007a). The advantage of using multiresolution segmentation is that it allows to create objects of different scales while minimizing the heterogeneity within the resulting object at the given scale (Baatz and Schape, 2000) . For example, we applied a large-scale factor to create large objects of different lake ice characteristics and a small-scale factor to create small bubble patch objects. We performed region-specific classification for the identification of target features within the domain of that particular region. In general, for classification we used spectral characteristics in PC bands 1 and 2, contextual information pertaining to image objects such as an image object's relationship with its neighbors and sub-and super-objects, a Canny edge detection algorithm (Canny, 1986;  eCognition Developer 7 Reference, 2007b) and morphological filters available in the eCognition Developer™ software.
The classification method performed very well in identifying bubble patches ( Fig. 2) with an overall accuracy of 98% when compared to manually identified bubble features in image segments that served as our ground truth sample data for classification accuracy assessment.
Due to thin lake ice condition on image acquisition days, it was not feasible to collect ground truth data of ebullition bubble patches for the purpose of accuracy assessment. It is important to note we did not check our classification accuracy in terms of object's geometry or boundary delineation. We only performed quantitative site-specific accuracy assessment using error matrix that only checks the agreement of object classes between manually classified reference sample and object-based classification results.
Sect. S3. Classification of bubble patches based on size
The Maximum Likelihood Classification (MLC) was a pixel-based classification that categorized bubble patches based on the pixel spectral characteristics. Therefore, the pixels within an extended bubble patches may be assigned to more than one seep class (multi-type bubble patch) depending on the variation of brightness values within the patch. Since the size of bubble patches is also an additional important indicator of seep class and methane flux (Walter Anthony et al., 2010) , in a subsequent step we further investigated the size of each seep class in a multi-type bubble patch identified by MLC. Based on the highest flux seep type and its size in a patch, we re-assigned bubble patches to a more accurate methane flux. For example, a bubble patch with a combination of C-, B-and A-type seep, C-type is the highest flux seep. Thus, we checked the total area of C-type seep. The whole bubble patch was classified as C-type seep only if the area of C-type seep was greater than 0.04 m 2 otherwise it was classified as B-type seep (Table S1 ). The thresholds on size are based on seep morphology described by Walter Figure S1 . Image object hierarchy used in the objected oriented classification technique developed to identify bubble patches on early winter lake ice. Image segmentation is performed in each level and image objects are classified. In the first level, segmentation is performed on the whole lake image to identify Lake Shore and Lake. In the second level, only the Lake region is segmented and image objects derived from the Lake are classified into different lake ice characteristics. This process continues as it proceeds towards lower and finer classification levels until Bubbles are identified in the lake ice. overlaid on RGB composite and PC 1 respectively. Bubble patches appear bright in RGB whereas they appear dark in PC 1. A rectangular wooden instrument platform in the center of the lake (blue box) as well as clusters of lily pads (one example highlighted in green box) on the northern and south-western parts of the lake (see Fig. 1 ) also appear dark on PC 1. Therefore, we inverted PC 1 to retain their original brightness characteristic, i.e. appear bright against background lake ice. This is shown in e. 
